Rank histograms are a tool for evaluating ensemble forecasts. They are useful for determining the reliability of ensemble forecasts and for diagnosing errors in its mean and spread. Rank histograms are generated by repeatedly tallying the rank of the verification (usually, an observation) relative to values from an ensemble sorted from lowest to highest. However, an uncritical use of the rank histogram can lead to misinterpretations of the qualities of that ensemble. For example, a flat rank histogram, ususally taken as a sign of reliability, can still be generated from unreliable ensembles. Similarly, a U-shaped rank histogram, commonly understood as indicating a lack of variability in the ensemble, can also be a sign of conditional bias. It is also shown that flat rank histograms can be generated for some model variables if the variance of the ensemble is correctly specified, yet if covariances between model grid points are improperly specified, rank histograms for combinations of model variables may not be flat. Further, if imperfect observations are used for verification, the observational errors should be accounted for, otherwise the shape of the rank histogram may mislead the user about the characteristics of the ensemble. If a statistical hypothesis test is to be performed to determine whether the differences from uniformity of rank are statistically significant, then samples used to populate the rank histogram must be located far enough away from each other in time and space to be considered independent.
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INTRODUCTION
The chaotic nature of the atmosphere (Lorenz 1963 (Lorenz , 1969 (Lorenz , 1982 ensures that errors will grow in any deterministic numerical weather forecast, eventually rendering that forecast no better than climatology. It is more appropriate, then, to envision the goal of numerical weather prediction as providing information on the relative likelihood of possible weather scenarios. A practical way of doing this is through ensemble forecasting, whereby a set of numerical forecasts are generated from different initial conditions (Toth and Kalnay 1993 , Molteni et al. 1996 , Houtekamer et al. 1996 , Houtekamer and Lefaivre 1997 , different model physics or physical perturbations (e.g., Stensrud et al. 2000 , Buizza et al. 1999 ), different models (Evans et al. 2000 , Ziehmann 2000 , Richardson 2000 , and/or differing fixed fields and constants (Houtekamer et al. 1996, Houtekamer and Lefaivre 1997) . The ensemble is then typically used to generate a probabilistic forecast; for example, if 20 of 50 ensemble members forecast rain at a grid point, and if the ensemble is reliable (Wilks 1995) , then the probability of rain may be estimated to be 40 percent.
How to produce probabilistic forecasts, how to use them, and how to evaluate them are still actively debated. Our focus here is strictly their evaluation. The problem is that conventional diagnostics for evaluating deterministic forecasts, measures such as "root mean square error," are not useful with probabilistic forecasts. At a recent workshop on ensemble forecasting, a suite of useful verification techniques for ensemble forecasts were discussed and a subset suggested for common use (Hamill et al. 2000a ). These techniques included probabilistic scoring measures such as the Brier score (Brier 1950 , Murphy 1973 , Wilks 1995 , the Ranked Probability Score (Epstein 1969 , Murphy 1971 , and their associated skill scores (Wilks 1995) ; reliability diagrams (Wilks 1995) plotted together with a distribution of the frequency of forecasts issued and a decomposition of the associated Brier score into reliability, resolution, and uncertainty terms (Murphy 1973) ; the Relative Operating Characteristic, or "ROC" (Swets 1973 , Mason 1982 , Stanski et al. 1989 ; and the rank histogram, also known as the "Talagrand diagram."
The focus of this note is on one of these verification tools, the rank histogram. The rank histogram was developed contemporaneously and independently by J. Anderson (1996) , T. Hamill and S. Colucci (1996 Colucci ( , 1997 , and O. Talagrand (Harrison et al. 1995 , Talagrand et al. 1997 , though its inspiration goes back to long-established statistical ideas such as the Q-Q plot (e.g., Wilks 1995) and the probability integral transform (e.g., Casella and Berger 1990). The principle behind the rank histogram is quite simple. Ideally, one property that is desired from an EF is reliable probabilities; if ensemble relative frequency suggests P percent probability of occurrence, the event truly ought to have P probability of occurring. For this probability to be reliable, the set of ensemble member forecast values at a given point and the true state (the verification) ought to be able to be considered random samples from the same probability distribution.
This reliability then implies in turn that if an n-member ensemble and the verification are pooled into a vector and sorted from lowest to highest, then the verification is equally likely to occur in each of the n+1 possible ranks. If the rank of the verification is tallied and the process repeated over many independent sample points, a uniform histogram over the possible ranks should result.
The rank histogram permits a quick examination of some qualities of the ensemble. Consistent biases in the ensemble forecast will show up as a sloped rank histogram; a lack of variability in the ensemble will show up as a U-shaped, or concave population of the ranks. Further, the rank histogram may be useful for more than just evaluating the forecast quality. Hamill and Colucci (1997, 1998) and Eckel and Walters (1999) also show how rank histograms provide information that may be used to recalibrate ensemble forecasts with systematic errors, thus achieving improved probabilistic forecasts.
While it is common for operational centers to produce probabilistic forecasts from their ensembles as if the ensembles were random samples from the same distribution as the truth, in fact many operational centers construct their ensembles under different assumptions. For example, the singular vector method used at the European Centre for Medium Range Weather Forecasts (Molteni et al. 1996) generates initial perturbations which project strongly on the forecast modes where errors grow most quickly. This constitutes a sort of non-random sample, where the extremes of the forecast probability density function may be sampled more frequently than the center of the distribution. The interpretation of rank histograms under such different sampling strategies is not clear.
Since the rank histogram is a relatively new tool and collective experience with it is limited, some initial guidance is provided on its suggested use. We also explain some ways in which its uncritical use can lead to an inaccurate understanding of the characteristics of EFs. To this end, section 2 provides a general overview of the rank histogram and its link to other probabilistic verification tools. Section 3 describes some of common problems in the interpretation of rank histograms. Section 4 describes the manner in which samples should be generated if one is to perform a formal hypothesis test of the uniformity of a rank histogram. Section 5 concludes.
OVERVIEW OF THE RANK HISTOGRAM
Suppose we are examining an ensemble of forecast values at a particular point. Assume we have a sorted n-member ensemble X = (x 1 ; : : : ; x n ) and the true state V . Because we have an imperfect knowledge of the true state, we describe it with a probability distribution. This distribution is calibrated, or "reliable," if probabilities indicate the true likelihood of event occurrence. With a finite-sized ensemble, this will occur if the truth and the ensemble can be considered samples from the same probability distribution. If this is the case, then
Here, E( ) denotes the expected value, and P the probability. If we define fictional bounding ensemble members x 0 and x n+1 such that P (V < x 0 ) = 0 and P (V < x n+1 ) = 1, then (1) is equivalent to
Note that the expected value of the probability is the same for each of the n + 1 possible ranks relative to the sorted ensemble.
A rank histogram is found by repeatedly tallying the rank of the truth relative to an actual distribution of sorted ensemble forecasts (which may or may not be calibrated). Let R = (r 1 ; : : : ; r n+1 ) represent a rank histogram with n+1 possible ranks. The population of a rank histogram element is determined from
where ( ) denotes the average over a large sample of statistically independent points. (3) is equivalent to
In other words, the population of rank j is the fraction of times when the truth, when pooled with the sorted ensemble, is between sorted ensemble members j ? 1 and j. Special rules are used for assigning ranks when many ensemble members have the exact same value as the verification, as may occur, for example, with no precipitation forecast and none observed; see Hamill and Colucci (1997, 1998) . Note that the concept of the rank histogram is quite similar to that of the multi-category reliability diagram, or "MCRD" (Hamill 1997). In fact, a diagram analogous to the MCRD can be generated from a rank histogram by plotting P n j=1 r j (ordinate) versus
Qualities of the calibration of the ensemble can be diagnosed from the shape of rank histograms. Suppose the ensemble forecast probability distributions errs in the location (wrongly forecasting the mean) of the distribution and/or in the scale (wrongly forecasting the standard deviation). Assume that the true state may be considered to be randomly drawn from a standard normal distribution N (0; 1), i.e., a distribution with mean 0.0 and standard deviation 1.0. Assume each member of a 25-member ensemble is randomly drawn from N ( ; ). Figure 1 shows the shape of the resulting rank histogram for combinations of and (only + are shown for brevity). When the ensemble samples from a distribution with a lack of variability, a U-shaped rank histogram results. An excess of variability in the ensemble overpopulates the middle ranks.
Bias (+/-) exessively populates the (left/right) extreme ranks.
The rank histogram, when correctly used and interpreted, measures the reliability of the ensemble (Talagrand et al. 1997 , Hersbach 2000 . There is another desirable property, namely,
sharpness. In a calibrated forecast, sharpness is related to resolution, or the ability of the forecast to be sorted into subsamples where the verifying event is different (Wilks 1995) . Given two well-calibrated forecast systems, any rational user would prefer the system that produces the more specific forecast. The rank histogram does not evaluate resolution, so it must be used in conjunction with other forecast tools such as the ROC, Brier scores, or ranked probability scores to generate a more complete picture of the quality of a probabilistic forecast. Hereafter, we will focus on how the rank histogram can be used (and misused) for evaluating reliability. Presumably, the user will also verify the ensemble with other techniques that measure resolution.
PROBLEMS INTERPRETING RANK HISTOGRAMS a. Misdiagnosing ensemble characteristics from histogram shape
We start by noting that a uniform rank histogram is a necessary but not sufficient criterion for determining that the ensemble is reliable. A rank histogram is populated with a set of sample points; if the ensemble at each sample point is reliable, then the resulting rank histogram should be uniform. However, a uniform rank histogram provides no guarantee that the ensemble is reliable at each point used to populate it. Figure 2 a-b illustrates a scenario of how histogram flatness may be illusory. Assume that there is an ensemble which is forecasting the probability distribution incorrectly in one of three possible ways: the forecast distribution may have a negative bias, a positive bias, or excessive variability, depending on the sample point. This is simulated by assuming the verification is sampled from a N (0; 1) distribution and the ensemble is sampled with equal likelihood from either a N (?0:5; 1), a N (0:5; 1), or a N (0; 1:3) distribution. A relatively uniform rank histogram is achieved, though the ensemble was never sampled from the same probability distribution as the verification.
Suppose the sampling strategy for generating ensemble members is other than random. For example, singular vectors (Molteni et al. 1996) are designed to sample the most rapidly growing structures among the myriad of possible directions in the analysis error probability distribution.
As a rough analogy to ensemble forecasts from singular vectors, suppose the tails of the distribution are sampled more frequently than its center. In such a case, the ensemble distribution can be quite different from the distribution from which the truth is sampled, yet a uniform rank histogram may result. Figures 3 (a) -(c) illustrate such a non-random sampling process and the rank histogram which results. First, suppose the truth is a random sample from a N (0; 1) distribution.
However, the ensemble will be generated as a non-random sample from a N (0; 0:7) distribution, where the tails of the distribution are more likely to be sampled from than the center. Such a non-random sample is simulated through the following process. First, generate a random number X sampled from a N (0; 0:7) distribution. Next, generate a random number U sampled from a standard uniform distribution, so that its value is equally likely to take any value between 0.0 and 1.0. Using the function I in Fig. 3(b) , accept the sample X as an ensemble member only if U < I(X); otherwise, start the process again (here, I was generated from the normalized ratio of a N (0; 1) to a N (0; 0:7) distribution). Consequently, when the ensemble is generated to simulate such a non-random sample, the resulting rank histogram can still be approximately uniform (Fig. 3c) .
A related problem is that a rank histogram of any given shape may be generated in a variety of ways. Colucci (1997 Colucci ( , 1998 show, for example, that rank histograms from an Eta/Regional Spectral Model ensemble are very differently shaped when precipitation spread is small (generally, corresponding to low precipitation amounts) from when spread is large (higher amounts). Spread here refers to the deviation of the ensemble about its mean.
These scenarios illustrate that reliability alone is not a good metric of forecast quality, and reliability apparently can be achieved even if samples from ensemble forecasts and the verification are not drawn from the same distribution. When, then, is reliability as diagnosed from rank histograms indicative of proper random sampling and when is it not? The results of Gilmour and Smith (1997) and Smith (1999) suggest that reliability may be illusory unless it is possible to find a model state which "shadows," or follows the evolution of the real atmosphere within an error tolerance consistent with magnitude of analysis uncertainty. If a shadowing trajectory can be found, it can be attributed to be sampled from the same distribution as the truth. Conversely, if no model state can be found with this property, then the ensemble is sampling some other probability distribution than the one the truth is drawn from, and hence any noted reliability from a rank histogram may be considered illusory. Because finding a shadowing model forecast trajectory is difficult for large dynamical systems like current weather prediction models, this idea is just beginning to be explored with operational forecasts.
b. Sampling properly in multiple dimensions
To this point it has been assumed that rank histograms were to be generated by sampling independent points, and it was noted that if the ensemble were reliable at each sample point, the rank histogram should be uniform. Such an analysis, however, neglects the possibility that ensemble forecast fields (many variables at many grid points) should also be reliable in a more highly dimensional subspace as well. To illustrate this, let us assume that an ensemble at two adjacent grid points correctly specifies the variance at each grid point but incorrectly specifies the covariance between the two. This might happen, for example, if one were to naively generate perturbations by adding white noise at every grid point consistent with the analysis uncertainty, but neglecting the correlations of errors between grid points. If variances are correctly specified but covariances are not, a rank histogram formed from some combination of the values two grid points is not necessarily uniform (Fig. 5) . Practically, thus, it is wise to check the rank histogram's uniformity for not only fields such as geopotential height, but also variables which are related to its spatial derivatives, such as winds and vorticity. A practical example of how rank histograms can appear to be quite different for geopotential, winds, and vorticity is shown in Hamill et al. (2000b; Fig. 8 ).
Ideas for extending the rank histogram to multiple dimensions are just beginning to be explored. See Smith (1999) for details on another possible way of examining the reliability in a phase space of very many directions, through use of a diagnostic called the "minimal spanning tree."
c. Errors in observations
To this point it has been assumed that verification samples are error free; consequently, if the ensemble forecast and verification are sampled from the same distribution, the rank histogram should appear flat. In practice, imperfect observations will be used for verification. Let us assume that observations are unbiased, but are contaminated by noise, be it from instrument error, representativeness error, or both. In this case, the effects of including observational errors on the shape of rank histograms should be considered (see also Anderson 1996) . The problem caused by observational errors is illustrated in Fig. 6 . Here, it is assumed that a 25-member ensemble is sampled from a N (0; 1) distribution, and the verification is created from a random sample from a N (0; ) distribution added to a random sample from a N (0; 1) distribution, where represents the standard deviation of the observational errors. This models the situation where the ensemble and the true state are sampled from the same distribution, but where imperfect observations are used for verification rather than the truth. For << 1, there is little deviation from uniformity of rank, but as increases, the extreme ranks become more highly populated. Obviously, the situation is yet more complicated if the observations are biased as well.
Since overpopulation of the extreme ranks of a histogram are commonly observed in operational ensemble forecasts, it may be worth determining how much of the population of these ranks is due to observational errors. The results of Fig. 6 suggest that if the observational er-rors are a significant fraction of the spread in the ensemble, then rank histograms should not be generated by ranking the observation relative to the sorted ensemble. Rather, the rank histogram should be generated by ranking the observation relative to an sorted ensemble with random observational noise added to each member (see also Anderson 1996) . In this manner, if the ensemble is reliable, the adjusted ensemble and the observations are presumed to both be sampled from the same probability distribution. In principle, adding these random errors for at least some common observational types such as raobs should not be very difficult, since these error statistics have been estimated for data assimilation purposes.
HYPOTHESIS TESTING FOR UNIFORMITY OF RANK
Rank histograms will naturally appear somewhat irregular if populated with a relatively small sample; they look progressively smoother with more and more samples. If samples used to populate the rank histogram are independent, then a 2 hypothesis test (Wilks 1995 , Anderson 1996 , Hamill and Colucci 1997 (2000), and Morss et al. (2000) . It is a mid-latitude, beta-plane, grid-point channel model that is periodic in x (east-west), has impermeable walls on the north-south boundaries, and rigid lids at the top and bottom. There is no terrain, nor are there surface variations such as land and water. Pseudo-potential vorticity (PV) is conserved except for Ekman pumping at the surface, r 4 horizontal diffusion, and forcing by relaxation to a zonal mean state. The domain is cast levels, with additional staggered top and bottom levels at which potential temperature is specified. The grid spacing is 125 km.
It can be shown that there is a rather simple distribution for the expected difference in the verification ranks between two samples with uncorrelated errors. Define D as the difference in ranks between the two samples in an n-member ensemble. The expected value for the probability P (D) of the difference is
if jDj < (n + 1) 0; otherwise.
This equation can be verified in the following manner. Generate an (n + 1) (n + 1) array, and populate each array element with the row number minus the column number. The row number represents possible ranks of the first sample, the column number the ranks of the second, and the value assigned to a particular element is the difference in ranks between the two samples. Count the fraction of array elements with a particular D and (5) will result by inspection.
We now explore whether different sampling strategies bring us closer to the desired distribution achieved by independent samples. To do so, we use the QG model and the perturbed observation ensemble analysis data described in Hamill et al. (2000b) , shown in that paper to have approximately uniform rank histograms (in a perfect-model context). Using this data, the rank of the truth is determined relative to the sorted ensemble for model level 4 ( 500 hPa) geopotential, u-wind component, and pseudo-potential vorticity (PV) at every model grid point and every analysis time. We then examined the distribution of the difference in ranks for various spatial and temporal lags using points in the center 1/2 of the channel. Figures 7 a-c show the distribution of differences in ranks for various spatial lags plotted over top of the distribution that is expected from (5) assuming uncorrelated data. Geopotential heights are somewhat correlated even at a spatial lag of 20 grid points (samples 2500 km apart) whereas PV, with much more small-scale structure, is nearly uncorrelated by lag 6 (750 km). Similarly, an analysis was done of the difference in ranks for various temporal lags (Figs. 8 a-c) . For co-located samples with a 1-day lag between samples, there is a slight correlation for geopotential, wind, and PV;
for 2-and 3-day lags, wind and PV samples are effectively uncorrelated. These results may well differ from those that would be obtained with a primitive equation model. Nonetheless, they do illustrate that if the aim of generating rank histograms is for formal hypothesis testing of uniformity, then samples must often be located far apart in space and in time, and that the difference in distance and time may depend on the variable in question and the model being used.
CONCLUSIONS
A rank histogram is a tool for evaluating the reliability of ensemble forecasts. Errors in the mean and spread of the ensemble can be diagnosed with the rank histogram.
Uncritical use of rank histograms, however, can lead to misinterpretations of the qualities of that ensemble. Some potential problems to be cognizant of include:
A flat rank histogram does not necessarily indicate reliability of the ensemble. A flat rank histogram can still be generated from ensembles with different conditional biases, or by nonrandom sampling of a different probability distribution than that from which the truth is drawn.
Flat rank histograms may also indicate that the ensemble is correctly specifying the variance at a grid point, but covariances may still be mis-specified. This can be checked somewhat by generating rank histograms for differences between values at different grid points or by using other diagnostics such as the minimal spanning tree.
A U-shaped rank histogram, commonly understood as indicating a lack of variability in the ensemble, can also be a sign of conditional biases. If possible, rank histograms for sub-populations should be generated to determine if the shape varies from one to the next; this can provide some perspective on whether the U shape indicates conditional biases or undervariability.
Imperfect observations are commonly used for the verification value in generating the rank histogram. Observational errors, if not accounted for, may affect the shape of the rank histogram; the larger the error, the more U-shaped the rank histogram will appear, even if the ensemble is reliable. If observational error characteristics are known, this can be dealt with by adding random noise to each ensemble member, consistent with the observational error statistics.
If a statistical hypothesis test is to be performed to test for uniformity, then samples used to populate the rank histogram must be located far enough away from each other in time and space to be considered independent.
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